The World Meteorological Organization (WMO) Lead Centre for Long-Range Forecast Multi-Model Ensemble (WMO LC-LRFMME) has been established to collect and share long-range forecasts from the WMO designated Global Producing Centres (GPC). In this study, the seasonal skill of the deterministic multi-model prediction of GPCs in WMO LC-LRFMME is investigated. The GPC models included in the analysis cover 30 years of common hindcast period from 1981 to 2010 and real-time forecast for the period from DJF2011/2012 to SON2014. The equal-weighted multi-model ensemble (MME) method is used to produce the MME forecast. We show that the GPC models generally capture the observed climatological patterns and seasonal variations in temperature and precipitation. However, some systematic biases/errors in simulation of the climatological mean patterns and zonal mean profiles are also found, most of which are located in mid-latitudes or high latitudes. The temporal correlation coefficients both of 2 m temperature and precipitation in the tropical region (especially over the ocean) exceed 95%, but drop gradually towards high latitudes and are even negative in the polar region for precipitation. The prediction skills of individual models and the MME over 13 regional climate outlook forum (RCOF) regions for four calendar seasons are also assessed. The prediction skills vary with season and region, with the highest skill being demonstrated by the MME forecasts for the regions of the tropical RCOFs. These predictions are strongly affected by the ENSO over Pacific Islands, Southeast Asia and Central America. Additionally, Southeast of South America and North Eurasian regions show relatively low skills for all seasons when compared to other regions.
Introduction
Over the last two decades, dynamic climate models have undergone steady and diverse developments, and many international climate centres now exploit them to produce operational seasonal predictions. Despite these advances, prediction skill based on the models remains limited, and is sometimes hindered by systematic errors. Model errors mainly arise from model imperfectness at representing physical and dynamic processes that occur in nature, as well as uncertainty regarding specification of the initial conditions. One of the widely used methods for overcoming these problems and improving of prediction skill is the ensemble approach, in which forecasts from different prediction systems are combined. The rationale behind the MME is a mutual offset of model errors associated with the model parameterization schemes (e.g. Hagedorn et al., 2005; Wang et al., 2009) .
The MME method has been implemented and exploited by several major operational centres for seasonal prediction (Palmer et al., 2004; Min et al., 2009; Wang et al., 2009; Kirtman et al., 2014) . In 2009, the World Meteorological Organization (WMO) also promoted international coordination among the leading operational centres (WMO Global Producing Centres) for the seasonal to interannual prediction. At the 14th Session of the WMO Commission for Basic Systems meeting, the Global Producing Centre (GPC) Lead Centre for Long-Range Forecast MME (LC-LRFMME) was jointly established by the Korea Meteorological Administration (KMA, GPC Seoul) and NOAA/NCEP (GPC Washington). The goals of the LC-LRFMME are to provide a conduit for sharing model data for long-range forecasts (LRFs), develop a well-calibrated MME system, and provide a 'one-stop shop' for GPC information (Graham et al., 2011) . Table 1 . WMO Global Producing Centres (GPCs) with summary information of the forecast system configurations. More details are available at WMO LC-LRFMME website (www.wmolc.org). A multi-model ensemble (MME) approach has been designed with the aim of quantifying forecast uncertainties due to model formulation. In this approach the model errors typically associated with the differences in model parameterization schemes are considered random. This justifies a simple averaging of the MME with equal weighting. It should be noted that, in the late 1990s and the 2000s many studies attempted to improve global MME predictions by using individual model forecast combinations calibrated according to the skill of the historical forecasts of the models (e.g. Krishnamurti et al., 1999 Krishnamurti et al., , 2000 Yun et al., 2003 Yun et al., , 2005 . However these improvements appear rather unstable in both space and time, which explains selection of the simple composite method for implementation at the WMO LC-LRFMME (Peng et al., 2002; Wang et al., 2009; Jeong et al., 2012; Kryjov, 2012; Min et al., 2014) . WMO LC-LRFMME issues 1 month lead seasonal predictions in both deterministic and probabilistic forms, with deterministic forecasts being based on the ensemble means. We focus this study on the deterministic predictions because, given a Gaussian approximation of a probability distribution function, the skill of probabilistic forecasts is mainly dependent upon the skill of ensemble mean predictions and much less upon predictions of ensemble variances (Kryjov et al., 2006) .
GPC name (model)
In this study, we assess the MME-based forecast skill of GPC models with a focus on regional climate outlook forum (hereafter, RCOF) regions, because seasonal predictions from the Lead Centre are used by developing countries for their economic needs. RCOF have been undertaken by the WMO, National Meteorological and Hydrological Services (NMHSs), regional climate institutions and other international organizations to provide consensus-based early warning seasonal climate information to reduce climate-related risks and support regional sustainable development efforts (Ogallo et al., 2008) .
Section 2 summarizes the model and observation data used in this study briefly. Section 3 describes the climatological basis of MME compared to observation for boreal summer and winter. We assess the overall predictive skill of the individual models and their simple averaged ensemble mean prediction over the globe in Section 4. Section 5 focuses on the performance of participating single model and MME over 13 RCOF regions. We represent the ability of MME prediction for the real-time forecast in Section 6. Summary and discussion are given in Section 7.
Models and observation datasets
This study is based on the seasonal predictiondata sets produced by models from the GPCs participating in WMO LC-LRFMME. Since some of the GPCs provide only a real-time forecasts data set without hindcast data and/or the period of hindcast is too short to use, we only utilize the outputs of 5 of the 12 GPCs in this analysis. Three GPCs (Melbourne, Montreal and Tokyo) are coupled ocean-atmosphere models, while the other GPCs are two-tier models. A two-tier approach for dynamical seasonal forecasting consists of performing forecasting in two stages. The global sea surface temperature (SST) anomalies are predicted during the first stage, and an atmospheric general circulation model (GCM) in the forced by pre-forecasted SST during the second stage to make a future seasonal prediction. GPC Seoul is governed by SST predicted by a statistical model and GPC Moscow applying a persistent SST anomaly atop of the annual cycle. All GPCs have generated ensemble retrospective forecast for different period but common period is matched for . Also, all data are interpolated to a common 2.5 ∘ latitude × 2.5 ∘ longitude grid across the globe.
We use basic atmospheric variables such as 2 m temperature and precipitation to show the general skills of GPC products. The MME method applied to the models is the basic WMO LC-LRFMME method. This method is used for computation of the real-time forecasts, i.e. the simple composite of bias-corrected ensemble means of individual models. No corrections of variances of individual model forecasts were applied. This analysis covers a 30-year period ) of hindcasts and the period from DJF2011/2012 to SON2014 of real-time forecast. It is performed separately for each of four calendar seasons [March-to-May (MAM) , June-to-August (JJA), September-to-November (SON) and December-to-February (DJF)]. We present prediction skills for boreal summer and winter over globe and four calendar seasons over 13 RCOF regions. National Centers for Environmental Prediction/National Center for Atmospheric Research (NCEP/NCAR) reanalysis products (Kalnay et al., 1996) covering the same common period are taken as the observational data set for the 2 m temperature. The Climate Anomaly Monitoring System and OLR Precipitation Index (CAMS OPI) data (Janowiak and Xie, 1999 ) is used at the WMO LC-LRFMME to validate the precipitation.
Mean states
3.1. Climatology from observations and MME predictions WMO LC-LRFMME issues deterministic forecasts in the form of seasonal anomalies, with bias in climatology between forecasts and observations being implicitly accounted for and its effect eliminated. It may be noted that the ability of the models to reproduce climatological mean can affect considerably their ability of seasonal forecasting (e.g. Kang et al., 2004; Wang et al., 2009) . Figure 1 (a) presents the climatology and mean bias of the 2 m temperature between MME and the observation for JJA averaged over 1981-2010. The warm pool regions in the western Pacific and eastern Indian Ocean regions reveal the highest temperature, while the eastern Pacific shows a cold tongue pattern. The temperature over the Tibetan plateau region is 5 to 10 K lower than other regions at the same latitude. MME represents these climatological patterns quite well. The difference between 30-year mean value of the 2 m temperature in the MME and observation indicates a systematic problem in the MME predictions. The ocean temperatures of MME are colder than those of observation. Especially, maximum differences are found towards 60 ∘ S. The bias over land tends to be larger and temperature warmer than that over the ocean. This higher temperature covers East Asia, southwestern Eurasia, northern and southwestern parts of Africa, North Australia, North America and the western part of South America. The difference of climatology between forecasted by MME and observation is less than −4 K over the Antarctic Continent. It means that the MME reproduces temperature over Antarctic Continent much higher than that of observation. The one cause is lack of observations in the Southern Hemisphere, especially over Antarctic regions (Hines et al., 2000) . The climatology of observed precipitation for JJA (Figure 1(b) ) shows the dominant rain band in the Northern Hemisphere (0 ∘ -30 ∘ N) associated with the intertropical convergence zone (ITCZ). The precipitation amounts exceed 12 mm day −1 in the Bay of Bengal and the western and eastern Pacific. The amounts of ITCZ precipitation for the mean of MME are smaller than that of observation. It is associated with dry condition that exists along the ITCZ in difference map. The Bay of Bengal and the western and eastern Pacific from the MME are also found to have dry conditions compared with the observed climatological mean.
For the climatology of 2 m temperature in the DJF season (Figure 2(a) ), the western Pacific is warmer than the eastern Pacific in both the observation and MME. The differences between MME and observation are colder (warmer) that those of JJA over the Arctic (Antarctic) region. The ITCZ moves to the Southern Hemisphere (0 ∘ -30 ∘ S) in DJF season (Figure 2 (b)), in both the observation and MME. The MME average presents a drier condition than that of observation over ITCZ for the DJF season and the magnitude of precipitation over ITCZ is smaller than that of JJA, which may result from too sparse grid network for capturing ITCZ spatial peculiarities. That is, the MME captures the pattern of precipitation well, but fails to capture the magnitude of the precipitation. Taylor diagrams representing the spatial correlation and normalized standard deviation of the MME of 2 m temperature (red) and precipitation (blue) with those from observations respectively are shown in Figure 3 . The spatial correlation is calculated by climatological means between the simulation and observation. Both for JJA and DJF, the temperature predictions are characterized by better skill than those for precipitation. The spatial correlations of the MMEs of both temperature and precipitation for all seasons are higher than those of the single models. However, skills for precipitation from the MME are only marginally better than that of the individual models. The standard deviations normalized by the standard deviation in observations indicate that spatial variability of the individual model forecasts tends to be smaller than that of observations and spatial variability of MME forecast, which is simple average of individual models, is smaller than that of both observations and individual models.
Zonal mean of climatology
Figure 4(a) shows the zonal mean of climatology for the 2 m temperature for JJA. The MME predictions closely resemble the observations. Single models simulate the meridional variations from the equatorial to mid-latitude regions quite well; however, the differences among the models increased towards higher latitudes. The large differences between the predicted and observed values have a greater spread in high latitudes over the Southern Hemisphere than over the Northern Hemisphere. The JJA precipitation maximum for MME is similar to that of observed (Figure 4(b) ). Specifically, it is located around 10 ∘ N in an area commonly referred to as the northern ITCZ. Single models can also simulate meridional variations, but tend to scatter more than those of the 2 m temperature from the MME results.
For the 2 m temperature in DJF (Figure 4 (c)), the observed maximum temperature moves towards the Southern Hemisphere. Each single model and MME follow the observational zonal mean of climatology well. Precipitation maximum is located around 10 ∘ S (Figure 4(d) ), associated with the ITCZ shifted to the Southern Hemisphere in the boreal winter. The ITCZ, the ascending branch of the atmospheric Hadley cell in which a huge amount of latent heat is released, relates the seasonal migration of the sun (Mitchell and Wallace, 1992; Xie and Philander, 1994) . There are two peaks of ITCZ for the observation and MME during winter; however, some models cannot reproduce the double peaks or maximum peak in the Northern Hemisphere. Overall, the MME based on the current seasonal prediction models simulate the meridional variation of the zonal mean well. Figure 5 shows the temporal correlation coefficients (TCCs) between the MME and the observed values. The number in the upper right corner of each plot indicates the temporal correlation, which is the area averaged over the globe of the grid-point correlation coefficients. The TCCs of the 2 m temperature for JJA and DJF are shown in Figure 5 (a) and (c), respectively. The global mean values are 0.44 and 0.39, respectively, which exceed the 95% confidence level. The MME results for the 2 m temperature for these two seasons are highly correlated with observations over the ocean and achieve the highest correlation in tropical regions, whereas the TCC skills over land are poorer than those over the ocean. The TCCs for precipitation (Figure 5(b) and (d)) are lower than those of the 2 m temperature. Additionally, the correlation over the ocean is higher than that over land. The correlation for precipitation is positive in the land regions, mainly in the tropics (e.g. Maritime continent, southern North America and northern South America, parts of Australia and Africa), that is mostly the regions under the impact of Walker circulation, but for extratropical land regions the skill of precipitation predictions is low. Figure 6 shows the normalized root mean square errors (NRMSEs), i.e. the root mean square error (RMSE) expressed in terms of the observed standard deviation. The NRMSE may vary from zero to infinity, with lower NRMSE values indicating more skillful forecasts. NRMSE values less than 1 indicate that the RMSE of the forecasts does not exceed 1 standard deviation of the target variable. The number in the upper right corner of each panel is the NRMSE globally area averaged over the grid-points. According to the global-averaged NRMSE, the MME shows better performance for 2 m temperature than for precipitation. The seasonal variations in NRMSE for both variables were not large. Spatially, the NRMSEs of 2 m temperature over land are higher than those over the ocean for both seasons. Figure 7 shows the mean squared skill scores (MSSS) of both variables for boreal summer and winter. The MSSS is suggested in the guidelines of the WMO Standard Verification System for LRFs (WMO, 2002) . In both boreal summer and winter (Figure 7 (a) and (c)), the MME prediction for 2 m temperature performs well in tropical regions and showed good skills in the western part of North America and southern Africa. However, skillful MME predictions for precipitation (Figure 7 (b) and (d)) are mainly confined to the equatorial Pacific and Maritime Continent. Accordingly, skillful predictions are expected in regions strongly impacted by the ENSO and, to a lesser degree, affected by the ENSO through its teleconnections. Figure 8 shows the Taylor diagrams between TCC and the normalized standard deviation of the MME and individual model predictions. The dots and crosses indicate the MME and single models, respectively. The temporal correlation of MME for temperature is higher than that for precipitation in all seasons. The individual models also show higher skills for temperature compared to precipitation. The reference line indicates how the models reproduce the variability compared to the observed values. The single models for the JJA temperature and precipitation show lower variability than the observed values. Additionally, some models can reproduce a similar variability as the observed values. However, the MME method reduces the individual models' variability, which is one of the limitations of the MME. The MME for the DJF season shows similar skill as JJA, whereas the variability of single models for temperature differed greatly from those of precipitation. We calculate the hit rate (HR) and false alarm rate (FAR) for individual models and the MME over the (2002) . Figure 9 shows a scatter plot for HR and FAR of deterministic predictions of temperature and precipitation for boreal summer and winter. The temperature and precipitation anomalies are compared to the model climatology to produce a three-category forecast (below-, near-and above-normal Figure 9 (b) shows a scatter plot for HR and FAR for JJA precipitation. The HR ranges from 0.34 to 0.38, which is narrower than that of the 2 m temperature. MME also has lower skill than that of the 2 m temperature, with an HR of 0.38 and FAR of 0.31. For precipitation during DJF, the individual models and MME show skills similar to precipitation for JJA, with values of 0.35-0.39 for HR and 0.31-0.33 for FAR. 
Assessment of prediction skill over the globe

Assessment of seasonal predictions for RCOF regions
RCOF is a forum that brings together the experts from a climatologically homogeneous region and provides consensus-based climate prediction and information usually for the season having critical socio-economic significance. This information has been applied to reducing climate-related risks and supporting sustainable development. As shown in Figure 10 , regional prediction skill is assessed for 13 RCOF regions designated by the WMO (http://www.wmo.int/pages/prog/wcp/wcasp/clips/outloo ks/climate_forecasts.html). All skills in the following tables are domain-averaged grid-point values for each region that match Level 2 of the WMO Standardized Verification System requirements (WMO, 2002) . Table 2 shows the TCCs of the 2 m temperature for MAM, JJA, SON and DJF over the selected regions for each single model and MME. The gray shading indicates As was already noted earlier (Wang et al., 2009) , the highest skill of temperature seasonal prediction characterizes the areas affected by the El Nino Southern Oscillation (ENSO). ENSO represents a reasonably well predictable climate phenomenon that appears to be the main driver of the seasonal predictability in the climate system in the area. Over these area (regions of PICOF and CACOF), temporal correlations are higher, 0.65, and exceed the 95% confidence level both in the case of the MME and single model predictions. The MME predictions for other tropical regions (GHACOF and PRESAS) are also quite successful. The level of correlations for these RCOFs is lower however. The lowest skill of the MME predictions characterizes the regions where the ENSO influence is low (SSACOF and NEACOF). Although MME provides an improvement of the forecast accuracy versus single models, predictions for these regions are characterized by a lower skill. Table 3 shows the TCCs of precipitation for four seasons over the RCOF regions. Overall, these values are lower than those of the 2 m temperature. Nevertheless, the MME forecasts show higher skill for PICOF and ASEANCOF regions, as well as statistically significant MME values for all seasons over the PRESAO region. Table 4 shows the normalized RMSE of the 2 m temperature normalized by the observed standard deviation. The grey shading emphasizes NRMSE values less than 1.00. In general, performance of the seasonal predictions in terms of NRMSE is consistent with that in terms of the TCC. The lower NRMSE values are associated with MME predictions for tropical regions, with the lowest values being observed for PICOF and CACOF. The NRMSE of the MME forecasts of precipitation (Table 5 ) are presumably less than 1 for the tropical RCOFs, while the NRMSE values for single models tend to be higher than 1.00. Table 6 presents the MSSS of 2 m temperature for MAM, JJA, SON and DJF over the selected RCOF regions for each single model and MME. The MME skills are always positive, except for DJF over the SEECOF region, and better than those of the averages of the single models. The skills for precipitation (Table 7) , are worse than those of the 2 m temperature. Negative MSSSs are observed for the average of the single models as well as for the MME. However, the MME retain a higher skill than the mean of the individual models.
Real-time forecast
The WMO LC-LRFMME issues an operational 3-month mean MME prediction every month. We evaluate the MME predictions for the period from DJF2011/2012 to SON2014 to investigate the ability of MME prediction systems to present seasonal mean temperatures and precipitation for real-time forecasts. Figure 11 shows the anomaly pattern correlation (ACC) and RMSE of temperature and precipitation determined by the MME method for the independent real-time forecasts over the globe. It should be noted that the independent real-time forecasts (DJF2011/2012-SON2014) are from operational predictions. The averaged ACCs for this period are 0.38 for temperature and 0.33 for precipitation. For the RMSEs, the averaged skills are 0.73 for temperature and 1.00 for precipitation. That is, real-time operational MME forecasts of precipitation slightly outperform MME historical forecasts based on outputs from six models considered in this study. For temperature, inversely, historical forecasts slightly outperform real-time forecasts. It implies that prediction skill of the retrospective MME forecasts does not differ significantly from that of the real-time MME forecasts and it can be considered to represent general skill assessment of WMO LC-LRFMME seasonal MME forecasts.
All the real-time MME forecasts are supported with maps of consistency among forecasts of individual models precipitation in the mid-latitudes. We also reveal the prediction skills for an anonymous individual models and the MME over 13 RCOF regions for four calendar seasons. We do not identify specific models because this study does not aim at a comparison of individual models. The MME shows better seasonal prediction skill than the individual models, although the skills vary with season and region. The highest skill is demonstrated for the regions of the tropical RCOFs such as PICOF, ASEANCOF and CACOF, which were strongly affected by the ENSO. Additionally, the extratropical SSACOF and NEACOF regions show relatively low skills for all seasons compared to the other regions.
The prediction skill of the MME is generally higher than that of the individual models. Thus, many operational centres [e.g. the WMO LC-LRFMME, APEC Climate Center, European Centre for Medium-Range Weather Forecasts (ECMWF), International Research Institute for Climate and Society (IRI), National Center for Environmental Prediction (NCEP), Meteorological Service of Canada (MSC), and the North American Multimodel Ensemble] utilize the MME prediction system. However, it should be noted that the MME prediction skills are relatively limited. Specifically, the MME skills tend to originate from skillful models that successfully reproduce the dynamic processes, such as the tropical Pacific ENSO-rainfall relationship (Lee et al., 2011 (Lee et al., , 2013a (Lee et al., , 2013b .
The presented results have been obtained using the simple composite method. As shown in a number of studies, the SCM tends to outperform the MMEs based on the methods accounting for skill of the historical forecasts of individual models (e.g. Min et al., 2014) when global or continental scale predictions are evaluated. It may be explained by the shortness of the training series as usual. However, successful experience in the use of downscaling technologies, i.e. spatial corrections of the individual model forecasts before combining into MME (e.g. Min et al., 2011) , implies that even available hindcast series of some 25-to 30-year length provide a reliable basis for improvement of regional or even local predictions. Those improved regional and local predictions are the main purpose of the RCOFs aimed on the needs of regional societies. Additionally, further development of the WMO LC-LRFMME implies focusing on the regionally oriented forecasts based on the downscaling technologies.
